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Abstract 

How do (potential) students differ in their preferences for the organization of online and 
distance courses and programs, can these differences be grouped into preference profiles, and 
are there any associations between these profiles and variables, such as achievement and 
dropout, that are relevant for the promotion and design of online and distance teaching? 

In this study, three groups (enrolled students, 7^=1939; prospective students, N=2g6, people in 
the target group of the course or program, N= 255) completed a survey consisting of 28 items with 
which to identify their preferences. Various significant differences in preferences between the 
groups were found in the item scores. Exploratory factor analysis resulted in five meaningful 
factors that were used to create 32 preference profiles that are identified by the dichotomized 
scores on the factors. In this way, the profiles conserve their dimensional relationship instead of 
presenting profiles as distinct types. The factors in which student preferences differ are: 
collaboration (group work versus self-study), pacing (fixed time schedule versus flexibility in time 
and tempo), the degree to which the study has a practical orientation, the degree of proactive 
(versus reactive) teaching and a preference for indepth learning versus superficial learning. 

Significant associations have been found between preference profiles and the discipline in which 
the student group studies, the type of program (e.g., bachelor, master), and the number of study 
points obtained in the last year per discipline. The results indicate that the enrolled students are 
more aligned to the characteristics of the teaching-learning process than the other two groups. 
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Introduction 

What are the differences in learning preferences of (potential) students in online and distance 
education, and what impact do they have on factors such as enrollment decisions, dropout, 
satisfaction and achievement? It is evident that when a course or program attracts students with 
non-fitting preferences this will give rise to frictions, that is, inefficiencies in the process. Students 
may, for example, experience difficulties with the time and tempo constraints, the (lack of 
sufficient) communication with tutors and peers or with the amount of self-directedness required. 
The result is education that is not as effective, efficient or satisfying than it could have been had it 
attracted students with fitting preferences. Especially in the case of distance education this could 
be a problem, because it tends to attract heterogenous groups of, mostly adult, learners with 
conflicting preferences. Simonson et al. (2012, p. 5), for instance, note that students state that 
their first choice is not to learn at a distance, but at the same time they are increasingly 
demanding to learn at a distance because of other competing preferences, like a preference for 
more freedom in terms of time or place. 

There is little knowledge available about the differences in preferences and their interplay. Artino 
(2010, p. 272), for instance, states that “Notwithstanding the growth of online learning, little is 
known about the personal factors that predict student decisions to enroll in online courses”, and 
Naidu (2013, p. 268) notes that “In most educational settings, very little attention is paid to 
analyzing and understanding learners and their learning context before any learning and teaching 
occurs”. More knowledge about the preferences of learners is needed for a proper design of online 
and distance education, that is, being aware and taking care of dominant differences in the 
appreciation for certain types of learning processes to keep students satisfied with the process and 
outcomes. However, it is not only the design that is affected, it is also important to focus on 
adequate promotion and intake methods to attract and select the right students. The attracted 
population should fit the design and vice versa. 

What is known in the literature relating to student preferences or characteristics? There have 
been studies on the disparity in perceptions of teacher and students with respect to course 
effectiveness (Seok, DaCosta, Kinsell & Tung, 2010). Or, on the expected differences in cognitive 
style (Sadler-Smith & Riding, 1999) or learning style (Coffield et al., 2004) with the underlying 
assumption that learners will have a preference for certain instructional methods. Pashler, 
McDaniel, Rohrer and Bjork (2008) analysed this claim and concluded that the evidence is too 
poor to justify the use of learning styles in educational practice. Also, quite some research has 
been conducted in the field of student satisfaction, for instance Walker and Fraser (2005) and 
Clayton (2007) developed surveys to access the satisfaction of students with the online learning 
environment using three social dimensions distinguished by Moos (1974): relationship, personal 
development and system maintenance and change. Many studies can be found that compare the 
satisfaction of classroom learning to online and distance learning (e.g., Paechter & Maier, 2010; 
Allen, Bourhis, Burrell & Mabry, 2002; Russell 2002; Merisotis & Phipps, 1999). It should be 
noted that satisfaction is related to preference, but not similar. Satisfaction deals with the contrast 
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between expectations and experience (Churchill & Surprenant, 1982). Expectations are 
anticipated qualities of specific events, products or services. People with low expectations about 
the quality of a certain product may experience a high level of satisfaction when it offers more 
than they expected, especially when it comes closer to their preferences. Preferences are 
measured more in general as an attribute of persons (“Tomorrow I expect rain, but in general I 
prefer sunshine”). Because of this difference, in contrast to satisfaction, preferences can be 
measured before students are enrolled. 

Student satisfaction is a factor in the management of educational quality. It is for this reason that 
one can expect a lot of quantitative and qualitative information to be available in the grey 
literature, especially in management, evaluation and marketing reports. A good example concerns 
the yearly marketing reports of Aslanian and Clinefelter (see e.g., 2013). These provide descriptive 
data about the demands and preferences of online college students in the US, like the perceived 
value of online study, desired institution and program features, preferred mode of study and 
demographic factors. 

In this paper we will explore systematic differences in the preferences of (potential) students that 
are directly relevant to the promotion, selection and design of online and distance courses and 
programs. 


Student Preferences 

To define the concept of student preference, we will position it in the context of a systems model 
of the educational process (Figure 1). 
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Figure 1. Student preferences positioned in a model of the educational system. 


The teaching learning process, a process that aims to transform the knowledge, skills and 
attitudes of the input (enrolled students) into certain outputs is found at the centre. Interesting 
outputs are the satisfaction of the students with respect to the process, the number of dropouts, 
the learning outcomes and accredited outcomes, like degrees. Most of these output measures are 
dependent on a time frame, the size of a program, or a fixed period like a month or a year. The 
learning and teaching process can be described at different aggregation levels, for instance a 
workshop, a course, a degree program, a school, an institute or a region. We regularly refer to ‘a 
program’ in the remainder of this text, but this term can be replaced by other educational entities 
at other aggregation levels. 

People generally pass through several stages before they become enrolled students. In the 
transition from being an unaware member of the target group for the program to becoming a 
prospective student, the first step involves someone becoming aware of the program and having 
an interest in it. The reputation of the institute is also important. Aslanian and Clinefelter (2013) 
reported that the number one factor for students to select an online program is the overall 
reputation of the college or university. In the transition from a prospective student to an enrolled 
student, the accessibility of the program for the prospective student is of importance. For 
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example, Muilenburg and Berge (2005) identified the following barriers to online learning: in the 
first place, administrative issues like the lack of sufficient academic advisors online, a lack of 
communication of clear expectations and difficulty contacting academic or administrative staff. 
This is followed by barriers regarding social interaction (e.g., afraid of being isolated), academic 
skills, technical skills, learner motivation (including procrastination), time and support for 
studies, cost and access to the Internet, and technical problems, respectively. Some of these are 
already in play in the transition from prospect to enrolled student, and some are experienced 
during the process. 

The student preferences that are under study relate to preferences for the characteristics of the 
learning and teaching process, independent of the specific objectives, discipline, content, degrees 
and technologies. The focus is on ‘how’ students want to learn in an educational context and not 
on ‘what’, ‘why’ or ‘with what’. 

Student preferences regarding the learning and teaching process can be measured at any time for 
every group: target group, prospective students and enrolled students. Preferences are of 
influence in the transition processes: It is important in the transition towards a prospective 
student that a student finds some aspects of the teaching learning process in the program 
attractive. In the transition towards an enrolled student, the prospective student decides between 
alternatives based on a perceived optimal match of the program with their, sometimes conflicting, 
preferences (Simonson et al., 2012). 

In an ideal situation, the target group is familiar with the program, the program offers the target 
group attractive features compared to other alternatives, an institute with a good reputation offers 
the program and the program is not appealing or selective for people who do not match the 
envisaged target group. The result of this process should be that the quantity and quality of the 
enrolled student population optimally match the design characteristics of the program. 

Which aspects of the learning and teaching process should we focus on when defining student 
preferences? The most important criterium that we used was that a preference should refer to a 
changeable aspect of the teaching and learning process with a direct impact on the way the 
student has to organise and approach his/her study activities. It should furthermore focus on how 
the process is planned and organised, not on specific technological or physical aspects of the 
learning environment. We selected the following categories of variables for the exploration of 
student preferences. 

1. Preferences for functional aspects of the learning and teaching process 

The functional aspects of a learning environment can be grouped in terms of its social aspects 
(how visible are the peer students and do we expect to work in groups or individually), its 
teaching aspects (how visible and proactive is the teacher) and its cognitive aspects (creation of 
meaning and practical relevance). This grouping coincides with the aspects of the community of 
inquiry framework theory (Garrison, Anderson & Archer, 2001). With respect to group work, 

This work is licensed under a Creative Commons Attribution 4.0 International License. 


311 



How Do Students Want to Learn in Online Distance Education? Profiling Student Preferences 

Koper 


online and distance teaching courses and programs can vary considerably in this respect. Some 
are based on social exchange and peer support, some on independent self-study and some are 
based on virtual classes. With respect to proactive teaching, this aspect is highly valued by 
learners, but is limited in most traditional, self-study based, distance teaching. Swan (2001, p. 
316) states that her findings “...highlight the importance of student-teacher interactions in 
asynchronous online environments. Students who do not have adequate access to their 
instructors feel they learn less and are less satisfied with their courses.” And, with respect to the 
cognitive aspects, some courses and programs are directly related to practice and some more to 
theoretical principles. People can differ in preferences for this orientation. 

2. Preferences for the structure of the teaching learning process 

The learning and teaching process can be planned and structured in different ways. For instance, 
the years can be organised in semesters, courses start at a fixed time or have continuous 
enrollment, the number of test attempts offered and the grouping of students (individual, study 
groups, classes, etc.). 

3. Preferences in the approach to learning in the learning and teaching process 

People can use different strategies when learning. Sometimes they are focussed on higher-order 
learning, referred to as deep learning (Marton & Saljo, 1976; Ohlsson, 2011), and sometimes the 
approach is more shallow and strategic, with the students only performing activities that are 
needed to attain the required outcomes. The learning and teaching process can be organised to 
stimulate deep learning, providing opportunities for students to explore new directions, and 
create and test meaning. Garrison and Cleveland-Innes (2005) have reported that teacher 
presence in particular is a critical factor for deep learning. 

4. Preferences for temporal aspects of the learning and teaching process 

A process takes place in time, and the temporal aspect in online and distance education is a 
strength and a weakness at the same time. Many providers of online and distance courses and 
programs provide a large degree of flexibility in time and tempo because this is the added value 
they can offer to attract nontraditional, adult, mostly part time students who also have other 
obligations in addition to studying. However, not everybody has a preference for, or is ready for 
independent, self-paced, self-directed learning (Samarawickrema, 2005). We expect that the 
majority of distance learners prefer to study in their own tempo and time, but that there are also 
some learners who need and prefer a more structured tempo that helps them to manage 
priorities. 
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Student Preference Profiles 

It is expected that there are many differences between students regarding these preference 
variables, so the next question is whether it is possible to group the preferences into a set of 
student preference profiles (SPPs). Several methods for profiling are available. For example, 
methods in the field of data mining like the Cross Industry Standard Process for Data Mining 
(CRISP-DM, Shearer, 2000) in which several steps are taken to analyse information into profiles 
from large databases. Another approach is the use of ‘persona’ (Cooper, 1999; Nielsen, 2013), a 
clustering technique in which relevant user groups are represented as fictitious archetype persons 
with descriptive data, like a name, photo, characteristics that provide an easily communicated 
picture of the stereotype. These personas are used in usability research and in marketing. The 
advantage of the persona approach is that it is concrete and appealing to people. One of the 
disadvantages is that the categories are experienced as distinct types instead of persons that are 
classified on several dimensions. The problem with type theories is discussed by Pashler, 
McDaniel, Rohrer and Bjork (2008) in the context of learning styles. So, the approach taken in 
this paper is to score preferences on multiple dimensions and to avoid a classification into 
distinct types. 

When the SPPs are available, we envisage that they can be applied in various ways. First of all, 
they can be used to explore relationships between preference profiles and factors like 
achievement: Are some student groups more successful than others in a given educational course 
or program? The expectation is that when a course or program does not fit the preferences of a 
person, this person has a lower chance to enroll into the program, will have a higher chance to 
drop-out or will be dissatisfied with aspects of the education. The learning outcomes are expected 
to be more dependent on the specific learning and teaching process than on the preferences. 
Secondly, they can be used as a factor in the (re-)design and runtime adaptation of courses and 
programs to (better) fit the preferences of the students and thirdly, they can be used to better 
communicate to the intended target population in order to enroll students that have a good fit 
with the characteristics of the learning and teaching process. 


Research Questions 

In summary, the research questions in this study are: 

1. How do (potential) students want to study in online and distance courses and programs? 

2. Can these preferences be grouped into preference profiles in which each participant has a 
score on preference dimensions? 

3. Are there any associations between these preference profiles and variables like 
achievement that could be of importance for the promotion and design of online and 
distance courses and programs? 
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The next paragraphs describe research into finding preference profiles and the exploration of the 
association with other variables. 


Method 


Participants 

Enrolled students (N= 1939, 58% woman, M age = 45 years, age range: 17-85 years; Mh 0 ursofwork= 33 ; 
married: 73%; children: 57%) were recruited from the students of the Open University of the 
Netherlands (OU) with active student rights in the period March 2013-March 2014. The students 
of the OU, a public distance teaching university, are studying for a bachelor (52%) or master 
degree (18%), a premaster (9%) or follow one or more courses or short programs for post-initial 
education (21%). The dominant teaching and learning process is characterised as follows: open 
admission for bachelor students, freedom of place, time and tempo; students study individually, 
can start any time they want in the year; have three attempts on preliminary exams and the 
teachers are not proactive. Major study motives for students are: personal development (86%), 
better chance for a (new) job (46%) and studying as a leisure activity (40%). Employment: 60% 
paid employment; 11% run a business; 10% unemployed; 7% pension and 3% unable to work. 

Prospective students (N= 296 , 60% woman, M age = 44 years, age range: 17-80 years; Mhours of 
work=34; married: 72%; children: 61%) were recruited from people who have requested 
information about study possibilities at the OU in the period October 2013-March 2014. 

Target group participants (AT=255 , 53% woman, M age = 46 years, age range: 18-69 years) were 
recruited with the help of the company MWM2 (http://www.mwm2.nl) and were selected based 
on the criteria: >17 years and intermediate vocational training or higher. The highest degree 
obtained by the participants was: 12% intermediate vocational education, 15% pre-university 
education, 44% higher vocational education, and 29% at the university level. 

Participants in three groups were recruited to join a panel for multiple surveys in the coming year. 
Upon agreeing to participate, they filled in an initial questionnaire asking for demographic data. 
Survey data were collected in the period April 20th - May 13th, 2014. 

Survey 

The survey developed contained Likert items in Dutch (5-points; starting with ‘I find it attractive 
...’ and scores ranging from completely agree to completely disagree): 6 items (of which 4 open 
items) on structure preferences, 11 items on functional preferences; 5 items on the approach to 
learning and 5 items on the temporal aspects. In addition, some questions concerned the 
communication mode and learning analytics for purposes other than this study. A copy of the 
survey can be retrieved at: http://tinyurl.com/preference-profiles. 
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Additional data from the student administration, like the field of study, number of courses 
enrolled, the number of courses completed, start year at OU, number of study points gained 
overall and in the last year, were added for each of the students with known student numbers. 
There were some respondents with missing student numbers, no additional data from the 
student administration could be added for this group (0=335). The total number of student cases 
with additional data is 1604. 

Data Analysis 

SAS JMP 11 was used to analyse the data. First, the dataset was prepared for analysis, for 
example, the inverted scales were reversed again, then some general descriptive statistics were 
generated, followed by exploratory factor analysis (cf. Hatcher & O’Rourke, 2013) on the items 
that were related to structural, functional, temporal and approach to learning preferences. The 
factors were used to create factor based scales by averaging the items scores per factor per person, 
maintaining the 5-point scale for ease of interpretation. The scores were then digitized to create 
interpretable multidimensional preference profiles, that is, a score higher than the scale mean (3) 
was assigned a T and a score equal to the mean or lower a ‘o’. Each person was assigned a 
preference profile with the ones and zeros assigned in order of the personal values of the factors. 
For example, a person could have a profile of 0-1-1-1-1 on a 5 factor solution, meaning that the 
person scored 3 or lower on the first factor and higher than 3 on the other factors in order of 
variance explained. In this way, each person becomes a rather easy to interpret profile, and the 
relative position on multiple dimensions are still visible. 
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Results 


Research question 1: How do (potential) students want to study? 

Table 1 

Means and Standard Deviations for Each Likert Item, with Comparison Between Means (T-Test 
For all Pairs, Using Tukey-Kramer HSD). Items That Are Reversed Have The Tag (Inversed) 



Target 

group 


Prospects 


Students 



Likert item 

M 

SD 

M 

SD 

M 

SD 

Connecting 

letters 

ta Collaborate with other 
students 

3-38 

1.14 

3.28 

1.29 

2-95 

1-31 

AAB 

lb Contact with peers 

348 

1.12 

343 

1.14 

3.12 

1.20 

AAB 

ic Be acquainted with 
teacher 

3.81 

1.03 

3-98 

0.98 

3-75 

1.04 

(AB)AB 

id Be acquainted with peers 

3-77 

1.05 

3-70 

1.05 

343 

1.08 

AAB 

le Only contact with peers 
when required (inverse) 

2.98 

1.08 

249 

1.03 

2-39 

1.06 

ABB 

if Independent from other 
students (inverse) 

2.82 

1.10 

249 

1.21 

2.11 

1.14 

ABC 

ig Discuss with peers 

3-55 

1.01 

3.61 

0.96 

3-33 

1.08 

AAB 

lh Practice and test 
materials available 

3-96 

0.99 

436 

0.90 

4-45 

0.78 

BAA 

li Only perform activities 
that are required (inverse) 

3-04 

1.19 

3-29 

1.27 

3-38 

1.21 

B(AB)A 

lj Compliments from 
teachers 

3-92 

1.03 

4.17 

0.89 

3-88 

1.04 

A(BA)B 

lk Teacher stimulate by 
providing feedback 

4.04 

0-95 

4-47 

0-75 

4.18 

0-93 

BAB 

2a Fixed time schedule 

3-86 

1.07 

3-92 

1.10 

3.10 

1.38 

AAB 

2b Fixed group 

3.60 

1.09 

3-52 

1-13 

2.89 

1.32 

AAB 

2c Frequent meetings 

3-85 

1.09 

4.14 

0.98 

3-72 

1.23 

(AB)AB 

3a Underlying theories 

3-93 

1.00 

4.44 

0.78 

4-32 

0.80 

BAA 

3b Fundamental questions 
addressed 

3-85 

1.00 

4-32 

0.83 

4.28 

0.79 

BAA 

3C Practical skills 

3-97 

1.03 

4.07 

1.00 

4-03 

0-95 

AAA 

3d Practical relevance 

4.04 

1.01 

4-38 

0.84 

4-31 

0.88 

BAA 

3e Perform additional 
activities 

349 

1.08 

3-85 

1.08 

3.81 

1.03 

BAA 

4a Require flexibility in time 2.04 
investment (inverse) 

0.97 

1.58 

0.78 

1.32 

0.62 

ABC 

4b Teacher speaks to me 

3-72 

1.06 

3-96 

0.99 

3-14 

1.24 

AAB 
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when behind 








4c Require temporary 
breaks (inverse) 

2.67 

1.12 

1.99 

1.07 

1.82 

1.04 

ABB 

4d Require my own tempo 
(inverse) 

2.90 

1.17 

2.78 

1.20 

2.18 

1.17 

AAB 

4e Not hounded by teachers 
(inverse) 

3-15 

1.07 

3-17 

1.16 

2.58 

1.24 

AAB 


Item numbers refer to the preference categories: i a ..k: functional; 2 a .. c : structure; 3 a .. e : approach to 
learning; 4 a .. e : temporal. Levels not connected by the same letter are significantly different. 
Extreme values (<2 or >4) are bold. 

An alpha level of .05 was used for all analyses. Table 1 provides an overview of the means and 
standard deviations on each item. As can be seen by the connected letters, at least one of the 
means differs for most items, except 3c (practical skills): Participants in each group want the 
education to include to learn practical skills. The mean of item 4a (require flexibility in time 
investment) differs in the three groups: Students want more flexibility than prospects and 
prospects more than the target group. 

With respect to variance, the full range of values (1...5) are selected by the participants within 
each group for all items indicating that individual preferences differ in the full range. 

The results of the open questions are: 

1. mean and max. number of study hours available per week (A 1=2,485; M mea n/max= 11/19; 
SD mean/max == 6.5/10.8; no sign, diff between groups); 

2. prefered min. and max. number of participants in a study group ( N=i,o82; 
M m i n/max =5. 5/12.2; SDmin/m,,x=2.8/7.:y, no sign, diff between groups); 

3. statistically, the min. and max. number of meetings prefered per 3 month differs 
significantly per group: students ( N=i,278; M m!n/max =2.4/5.o; SD min /max= 1.8/3.4); 
prospects ( N=237; AL,=2.9/6.5; SD min / ma x= 1-7/4-5) and target group ( N=i8o; 
M m i n / max =4.2/8.8; SD m m/max= 4.9/10.0). Enrolled students want fewer meetings. 

Research Question 2: Preference Profiles 

The Kaiser Meyer Olkin Sampling Adequacy (MSA) was calculated to inspect the sampling 
adequacy. In this study, the MSAs for individual variables ranged from 0.66 to 0.95. The MSA for 
the entire matrix was 0.88. Three items scored below the 0.80 meritorious level (resp. 0.65, 0.73 
and 0.76), but none below the unacceptable 0.5 level (Kaiser & Rice, 1974). 

The responses to the items in the survey underwent exploratory factor analysis using squared 
multiple correlations as prior communality estimates. The maximum likelihood method was used 
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to extract the factors, followed by a promax (oblique) rotation. The scree test suggested 5 
meaningful factors so only these factors were retained for the rotation. Interpreting the rotated 
factor pattern, an item was interpreted to load on a factor when the factor loading was > 0.397. 
With this value, most items loaded on one factor and did not on any other. The exception is item 
4b that loaded on factor 2 (0.43) and 4 (0.47). The items and factor loadings are presented in 
Table 2. 


Table 2 


Items, Factors and Factor Loadings 


Likert item Factor 1 

lb Contact with peers 0.864961 

id Be acquainted with peers 0.766383 

la Collaborate with other students 0.762109 

lg Discuss with peers 0.697685 

2b Fixed group 0.56723 

if Independent from other students 0.555561 

(inverse) 

2c Frequent meetings 0.495223 


le Only contact with peers when required 0.43002 
(inverse) 

4d Require my own tempo (inverse) 

4e Not hounded by teachers (inverse) 

4a Require flexibility in time investment 
(inverse) 

4c Require temporary breaks (inverse) 

2a Fixed time schedule 
3d Practical relevance 
3c Practical skills 

lh Practice and test materials available 
lj Compliments from teachers 
lk Teacher stimulate by providing feedback 
ic Be acquainted with teacher 
4b Teacher speaks to me when behind 
3a Underlying theories 
3b Fundamental questions addressed 
li Only perform activities that are required 
(inverse) 

3e Perform additional activities 


Factor 2 Factor 3 


0.700513 

0.65483 

0.553841 

0.508317 

0.424582 

0.77602 

0.728817 

0.699752 


0.428501 


Factor 4 Factor 5 


0.760291 

0.713232 

0.50406 

0.470203 

0.834707 

0.695025 

0.398498 


0.397842 


The names that best fit the factors are: factor 1: Collaboration with peers and teachers (versus 
self-study); factor 2: Pacing (versus flexible time and tempo); factor 3: Practical orientation 
(versus theoretical orientation); factor 4: Proactive teacher (versus reactive teacher); factor 5: 
Deep learning (versus superficial learning). 
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The factors were not expected to be independent of each other, so an oblique rotation was used. 
The Pearson correlation coefficients between the factors are presented in Table 3. 

Table 3 

Pearson Correlation Coefficients Between the Factors 



Ft 

F2 

F3 

f 4 

F5 

Fi-collaboration 

1.0 

0.45 

0.25 

0.51 

0.09 

F2-pacing 

0-45 

1.00 

0.02 

0.25 

-0.09 

F3-practical 

orientation 

0.25 

0.02 

1.00 

0-34 

0.21 

F4-proactive teacher 

0.51 

0.25 

0-34 

1.00 

0.19 

F5-indepth learning 

0.09 

-0.09 

0.21 

0.19 

1.00 


Ft, F2 and F4 in particular are correlated: More preference for collaboration is associated with 
more preference for pacing and a proactive teacher. 

Based on the loading of the items on the factors, factor-based scales were calculated that estimate 
the participants scores on the underlying factor. This was calculated by averaging the scores on 
the items that are loading on each factor, with the exception of item 4b that was not used. The 
scales have the same value as the individual items, ranging from 1-5 (Table 4 summarizes 
statistics). 

Table 4 

Mean, Standard Deviation and Connecting Letters (Tukey -Kramer HSD) of the Factor-Based 
Scales for the Three Groups 



Target 

Prospects 

Students 

Connecting 


group 

M 

SD 

M 

SD 

M 

SD 

Letters 

Fi-collaboration 

3-43 

0.69 

3-33 

0.78 

2.99 

0.86 

AAB 

F2-pacing 

2.92 

0.61 

2.69 

0.68 

2.2 

0-75 

ABC 

F3-practical orientation 

3-99 

0.94 

4.27 

0.76 

4.26 

0.7 

BAA 

F4-proactive teacher 

3-92 

0.87 

4.21 

0.68 

3-94 

0.81 

BAB 

F5-indepth learning 

3-58 

0.72 

3-97 

0.64 

3-95 

0.66 

BAA 


Students have significant lower preferences on collaboration and pacing. The target group has 
lower preference for practical orientation and deep learning. Prospects have higher preferences 
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for proactive teachers. All have lower preference than the mid score ‘3’ for pacing (p ta r g et group < 
0.0245? Pprospects< O.OOOl; Pstudents< O.OOOl). 

To create a preference profile, the factor based scores are digitized for ease of interpretation: T is 
assigned for a score > 3, else ‘o’ is assigned. The name of the profile is made up of the connected 
zeros and ones for each factor in order of F1-F5. In this way, five tuples are created, e.g. <i-o-i-o- 
i>, expressing that the person concerned has a score higher than 3 on factor 1, 3 and 5 and 3 or 
lower on factor 2 and 4. Interpretation would be: preference for collaboration, no preference for 
pacing, preference for practical orientation, no preference for proactive teacher and preference for 
indepth learning. In this way 25=32 different preference profiles are distinguished. The results are 
summarized in Table 5 with an informal description of each profile. For the descriptions the 
following naming conventions are used (X is 1 or o): 1-1-1-1-1: active learning; o-o-o-o-o: passive 
learning; o-X-X-X-X: self-study; 1-0-X-0-X: knowledge exchange. 

Table 5 


Preference Profiles per Group, Sorted on Frequency for All Participants with Description of each 
Profile 


No Preference 

Groups 

Target 

Pros¬ 

Students All 

Description 

1 

Profile 

1-0-1-1-1 

group 

87 

pects 

115 

637 

839 

Active learning with flexible tempo 

2 

O-O-l-l-l 

14 

63 

561 

638 

Self-study with proactive teacher 

3 

1-1-1-1-1 

60 

49 

157 

266 

Active learning 

4 

O-O-l-O-l 

4 

10 

161 

175 

Self-study 

5 

0-0-1-1-0 

6 

4 

68 

78 

Self-study with proactive teacher and practical 

6 

1-0-1-1-0 

11 

13 

5 i 

75 

orientation 

Active learning with flexible tempo, not deep. 

7 

0-1-1-1-1 

8 

9 

44 

61 

Indepth self-study, paced with proactive 

8 

O-O-O-l-l 

2 

9 

44 

55 

teacher 

Indepth self-study with proactive teacher 

9 

l-O-l-O-l 

3 

0 

40 

43 

Knowledge exchange 

10 

O-O-O-O-l 

2 

2 

34 

38 

Independent indepth learning 

11 

0-0-1-0-0 

1 

0 

34 

35 

Passive, practical relevant learning 

12 

1-1-1-1-0 

10 

6 

19 

35 

Active learning, not indepth 

13 

l-O-O-l-l 

1 

4 

28 

33 

Indepth knowledge exchange with proactive 

14 

o-o-o-o-o 

23 

1 

7 

31 

teacher 

Passive learning 

15 

0-0-0-1-0 

3 

1 

13 

17 

Passive learning with proactive teacher 

16 

0-1-0-0-0 

9 

2 

4 

15 

Passive learning with pacing 

17 

0-1-1-1-0 

1 

2 

7 

10 

Guided self-study with practical orientation 

18 

1-0-0-1-0 

2 

4 

1 

7 

Group learning with proactive teacher 

19 

1-1-0-1-1 

0 

0 

7 

7 

Indepth active learning 
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20 1-0-1-0-0 O 

21 l-O-O-O-l 1 

22 l-l-l-O-l 1 

23 O-l-O-l-l O 

24 1-1-0-1-0 2 

25 0-1-1-0-0 O 

26 0-1-0-1-0 2 

27 O-l-O-O-l O 

28 O-l-l-O-l o 

29 l-l-O-O-l 2 

30 l-o-o-o-o o 

31 i-i-o-o-o o 

32 1-1-1-0-0 o 

All 255 


o 6 
o 4 
1 2 

1 2 

O 1 

O 2 
O O 

O 2 
O 2 
O O 
O O 
O O 
O O 

296 1938 


6 Sharing of practical knowledge 

5 Indepth knowledge exchange 

4 Active learning without proactive teacher 

3 Indepth self-study, paced, with proactive 
teacher 

3 Group learning with proactive teacher, not 
indepth, nor practical oriented 
2 Practical oriented self-study in fixed tempo 
2 Paced self-study with proactive teacher, not 
indepth, nor practical oriented. 

2 Paced, indepth self-study 

2 Paced, indepth, practical oriented self-study 

2 Paced, indepth knowledge exchange 

o n.a. 

o n.a. 

o n.a. 

2489 


Of the 32 profiles, 17 have a frequency of more than 10 and 4 of more than 100. The top 3 is the 
same for all groups. The fourth position is different for the three groups. 

Research Question 3: Any Associations? 

No significant associations have been found between preference profiles and gender, age, 
employment, number of work hours, highest degree obtained, marital status or study motives. 

There are significant differences in achievement, as measured by the number of study points 
(ECTS, 1 point is appr. 28 study hours) attained last year between the top 4 preference profiles. 
The mean and confidence intervals with connecting letters (Tukey-Kramer HSD) are: 

- Profile 0-0-1-0-1 {M= 10.6; 95% Cl [8.7,12.5]; Letter: A); 

- Profile 0-0-1-1-1 (M= 9,7; 95% Cl [8.7,10.6]; Letter: A); 

- Profile 1-1-1-1-1 (M=8.13 ; 95% Cl [6.3,10.0]; Letter: AB); and 

- Profile 1-0-1-1-1 (M=7.8; 95% Cl [7.0,8.6]; Letter: B). 

The self-study profile attains more study points than the active learning with flexible tempo 
profile. 
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Table 6 

Top 4 Profiles and Differences per Discipline Among Enrolled Students 



Cultural 

sciences 

Infor¬ 

matics 

Manage¬ 

ment 

sciences 

Environ¬ 

mental 

sciences 

Educa¬ 

tional 

sciences 

Psychology 

Law 

Total 

0-0-1- 

0-1 

23 (9%) 

8(8%) 

8 (4%) 

2(4%) 

2(3%) 

63 (16%) 

25 (10%) 

131 (10%) 

0-0-1-1- 

1 

78 (30%) 

53 

(50%) 

68 (35%) 

22 (39%) 

29 (39%) 

152 (38%) 

85 (35%) 

487(37%) 

1-0-1-1- 

1 

129 

(50%) 

30 

(28%) 

80 (41%) 

28 (49%) 

4i (55%) 

155 (39%) 

104 (43%) 

567 (43%) 


27 (11%) 

15 (14%) 

36 (19%) 

5(9%) 

2(3%) 

30 (8%) 

26 (11%) 

141 (11%) 

Total 

257 

(19%) 

106 

(8%) 

192 

(14%) 

57 (4%) 

74 (6%) 

400 (30%) 

240 (18%) 

1326 (100%) 


j 2 (i8, N=i326) p< o.oooi 


Table 6 summarizes the (significant) differences in preferences in preference profile per 
discipline. Notable is that Informatics students most often have o-o-i-i-i (self-study with 
proactive teacher). This is 1-0-1-1-1 (active learning with flexible tempo) for the other sciences. 
Active learning (1-1-1-1-1) is seen most often in management sciences. 

Also significant differences can be found between the preference profiles and the type of program 
enrolled students study (Figure 2). Note that the self-study profile occurs more in the bachelor. 
The masters shows the collaborative profiles [i-x-1-1-1] more often. 
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E 


8 * 


cl¬ 


one or more courses 

pre-master 

master 

bachelor 


i 

9 

i 

o 

6 




I 


preference 
profiles - 4 


X 2 (i2, N=i565) p< o.oooi 

Figure 2. Association of preference profiles with type of program for enrolled students. 


Associations are also found on the number of study points obtained in the last year by enrolled 
students in the various disciplines and the preference profiles (Table 7). The differences are 
significant in the field of law (p<o.02; connecting letters resp. A(AB)BB for the 4 profiles). For the 
others, the variance is too high relative to the number of cases to attain sufficient power. In law, 
the preference profiles with self-study characteristics are obtaining more study points per year. 

Table 7 


Association of Preference Profiles and the Number of Study Points Attained per Discipline in the 
Last Year by Enrolled Students (N=i326) 


Discipline 

0-0-1-0-1 

0-0-1-1-1 

1-0-1-1-1 

1-1-1-1-1 

All 

Cultural sciences 

11,22 

10,14 

6,87 

8,76 

8,45 

Informatics 

10,21 

8,36 

7,17 

7,74 

8,07 

Management sciences 

2,15 

8,47 

7,36 

9,32 

7,91 

Environmental sciences 

0,00 

8,80 

6,91 

17,20 

8,30 

Educational sciences 

2,15 

7,27 

9,02 

0,00 

7,90 

Psychology 

10,58 

11,32 

9,40 

6,59 

10,11 

Law 

16,34 

12,80 

8,64 

6,45 

10,68 

All 

10,96 

10,31 

8,13 

8,08 

9,21 
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preference 
profiles - 4 


J 2 (lO, N=2024) p< o.oooi 


Figure 3. Association between groups and profiles. 


In Figure 3 differences are shown that could be relevant for the conversion from target group to 
prospect to enrolled student. In this case, the target group and prospects have a higher preference 
for active learning (with and without pacing) than enrolled students. 


Discussion 

In this study, a method is created to specify the differences in the learning preferences of 
(potential) students in online and distance education. Having these preference profiles is of 
importance for a better communication with prospective students, and for being aware of possible 
frictions between student preferences and the organisation of the actual process to reduce these 
frictions where possible. 
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On the basis of this study, it is proposed to specify preference profiles on 5 dimensions: 
collaboration versus self-study, pacing versus flexibility, practical orientation versus theoretical 
orientation, proactive versus reactive teaching and indepth versus superficial learning. The 
profiles are named by presenting them as a dichotomised, ordered list of these five dimensions, 
that is, 5-tuples. Specifying the differences in this way instead of sorting them into categories, as 
is done with personas, makes the relationships between the profiles visible. 

First an ad hoc categorisation is presented based on systems analysis, using distinctions in 
functional, temporal, structural and orientation of the teaching learning process. An exploratory 
factor analysis revealed 5 underlying dimensions that are used to structure the preference 
profiles: collaboration, pacing, practical orientation of the education, how proactive a teacher is 
and whether the course or program supports indepth learning. By positioning each student on 
these dimensions, their preferences can be summarized in a multidimensional profile, that is, 
their position is scored on the 5 dimensions and not in distinct types or categories that blur the 
relationship between the types. After having built the profiles, some relationships with the four 
most dominant profiles and other variables were explored. This exploratory study showed that 
there are differences in the number of study points attained by students with a specific profile. 
Students with a self-study profile attained more study points than students with a preference for 
collaborative work in the context of the OU. It is not expected that a fitting preference has any 
direct relationship with achievement: It is expected that this is the result of the quality of the 
teaching and learning process itself. How could this be explained? 

Given that the OU delivers its education dominantly in the o-o-x-o-x format and sometimes in o- 
o-x-i-x, it could be expected from the conceptual model presented in Figure 1 that people who are 
enrolled with conflicting preferences, will encounter frictions during studying. It is expected that 
these frictions will make their study process less efficient, less satisfying and create a higher 
chance of dropping out. The finding that the best fitting profiles perform best is in line with this 
expectation. In future research it is necessary to focus specifically on these frictions: To what 
extent do they occur, do preferences change during the process, and what is the exact effect of a 
friction? And also, how can these frictions be prevented? Can it be reduced by better 
communication to prospective students, or by designing courses and programs that are adaptable 
to, or acceptable for, the major differences in these five factors? A difficult additional question is 
whether some aspects of the teaching and learning process are normative instead of 
organizational in nature. For instance, to build collaboration skills or indepth learning could be 
seen as an important output of academic study and a rationale to design the process along these 
lines. It is unclear what should happen in this case: keep out non-fitting students, convince them 
that they should change their preference, create a smart design that solves the frictions, and so 
on. This question too should be studied in more detail in the future. 
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